ABSTRACT Sunshine-based trajectory analysis plays a significant impact on comprehensive scenarios, including driving safety and routing planning for mobile solar collection. To the best of our knowledge, however, a little work analyzes the impact of sunshine on mobile objects on different trajectories. This paper investigates the relationship between sunshine and the trajectories of mobile objects. We introduce a sunshine orientation model to integrate sunshine information with trajectories. A sunshine-based trajectory simplification model is proposed to remove redundant points in trajectories, which carry a little sunshinerelated information. The sunshine-based trajectory simplification model is indeed versatile. We apply this model to help users efficiently query the sunshine information of their trips. Our design is evaluated with extensive simulations based on three-month general transit feed specification data from August to October in 2017 in five USA cities, including Washington, DC, USA, and Minneapolis. Furthermore, we develop a sunshine query system for mobile scenarios by embedding our sunshine-based trajectory simplification model and conduct a field study to show the validity and efficiency of this model. The evaluation results show that our design reduces 87.4% position points in trajectories while only sacrificing 9.6% of sunshine information in the field tests.
I. INTRODUCTION
Sunshine has played a critical role in people's daily life. On the one hand, sunshine brings 3,850,000 EJ solar energy to our planet every year [1] . People collect a huge amount of energy for industrial production as well as household use [2] , [3] . On the other hand, sunshine may bring negative influences as well. For example, the glare caused by sunshine could introduce potential risk to driving [4] . Also, ultraviolet radiation from the sunshine will cause skin cancer [5] .
Due to the important impact of sunshine on people's daily life, researchers have conducted extensive studies in this area. Most of existing studies concentrate on sunshine analysis for static scenarios. Based on these analyses, sunshine energy collection facilities are constructed for household and workplace charging [6] . Some researchers investigate the impact of sunshine on mobile scenarios [7] , [8] . These studies focus
The associate editor coordinating the review of this manuscript and approving it for publication was Prakasam Periasamy.
on investigating the impact of sunshine on single mobile object in a small-scale scenario. The impact of sunshine on mobile objects on massive trajectories in city-scale is not well investigated.
The understanding of the impact of sunshine on mobile objects' trajectories has great opportunities to improve travel experience as well as the efficiency of mobile solar collection. For example, sunshine-based trajectory analysis captures the sunshine situation of trips, which can be used to improve the travel experience. Furthermore, the knowledge of trajectories of sunshine can be utilized to help solar-powered vehicles or robots optimize their solar panels' orientation to collect energy.
Analyzing the impact of sunshine on mobile objects on trajectories is challenging due to the following two reasons. First, while we have clear sunshine lighting equation for a single point (i.e., a static object) [9] , [10] , the problem of integrating time-varying sunshine information with a curve (i.e., trajectories of mobile objects with various shapes) is not trivial. Second, the massive time-varying sunshine-related trajectories occupies huge storage space and requires large amounts of computing resources, and thus significantly reduces the efficiency of query system.
To conquer these challenges, we propose a novel framework of sunshine-based trajectory simplification which (i) integrates sunshine information with trajectories and (ii) minimizes the number of redundant points in trajectories based on sunshine information. Specifically, the contributions of our work are as follows:
• To the best of our knowledge, we are the first to investigate the impact of sunshine on massive trajectories. We propose a 2-D orientation model to integrate sunshine and trajectories. The model extracts the sunshine related information using the spatial-temporal data and satisfies the precision demands of upper-layer applications.
• We propose a sunshine-based trajectory simplification (STS) algorithm to remove the redundant points which carry little sunshine information. Our STS is sensitive to the direction of the trajectory rather than purely position information. We find that different points preserve various sunshinebased directional information. We use the method of Breadth First Search to find the optimal trajectory sequence which has the fewest number of points with errors in an acceptable bound.
• We evaluate our design on a real-world dataset that consists of 3-month spatial-temporal data from cities including Washington DC, Chicago, San Francisco, Houston and Minneapolis in US. In addition, we conduct real-road experiments by using the data that is collected by the volunteers in Minneapolis. The results of the evaluation show that compared with the ground truth, our STS could reduce 87.4% position points with sacrificing 9.6% sunshine information.
The rest of our paper is organized as follows. Section II shows the motivation. Section III presents the sunshine-based trajectory simplification model. Section IV describes trip sunshine information querying with our model. Sections V evaluates our design with real-world datasets and field tests. Section VI summarizes related work. Finally, section VII concludes the paper.
II. MOTIVATION
In this section, we illustrate the benefits of sunshine analysis on moving objects. Then we introduce why we need to simplify trajectories in the sunshine-based trajectory analysis, followed by the challenges of establishing sunshine-based trajectory simplification.
A. BENEFITS OF SUNSHINE ANALYSIS ON MOVING OBJECT
The sunshine analysis on moving objects brings plenty of benefits including but not limited to (i) providing guidance to trip comfort and driving safety, and (ii) improving the efficiency of energy collection of solar-powered vehicles.
• Trip Comfort: People need proper lighting time every day and different people have different preferences on sunshine. On the one hand, excessive exposure to the sun increases the risk of skin problems such as melanoma. On the other hand, the lack of sunshine causes some health issues [11] , [12] . As shown in Fig. 1(a) , the sunshine status during the trip is different on the two sides of the bus. People expect to have detailed sunshine information during their trip to manage their travel routes and improve their riding comfort.
• Driving Safety: Sunshine analysis on the trajectories of vehicles brings great opportunity to decrease the risk of traffic accidents caused by sunlight pollution. According to the report from AA, there are 2,905 accidents that are related to the sunshine dazzling (as shown in Fig. 1(b) ) in 2012 in the UK [13] . With sunshine-based trajectory analysis, we are able to mark all the potential hazards that are caused by sunshine during the drive in a road segment in an arbitrary time period.
• Energy Collection: Solar-powered vehicles and robots, which use solar as their primary energy, are becoming more and more popular in the world. Their working hours and trajectory planning are directly related to the sunlight information. To collect more solar energy, the solar vehicle/robot's panel is better to face to the lighting direction all the time as shown in Fig. 1(c) [14] . With sunshine-based trajectory analysis, we are able to compute the direction angle of the panel that could harvest the most energy on the route.
B. THE NEED FOR SUNSHINE-BASED TRAJECTORY SIMPLIFICATION
Even though sunshine-based trajectory analysis has many benefits, there are still some difficulties in implementing the system. First, there are large numbers of trajectories and points that contain a very large number of useful details that need to be processed. The time-varying sunshine directions also increase the difficulty of analyzing the sunshine information. To account for the various sunshine orientations and the demands of different people, a sunshine-based trajectory analysis module that can effectively analyze a massive number of trajectories needs to be built.
Second, each point in a trajectory does not contain an equal amount of sunshine information. Each trajectory consists of numerous points, but some points are redundant for different sunshine directions. In some specific sunshine-based scenarios such as riding comfort or energy collection, as discussed earlier, a calculation for the sunshine duration time on one side of a trajectory is needed. From this viewpoint, the directional relation between a trajectory and the sunlight will influence the simplification.
For example, suppose that the left-side sunshine duration of a trajectory is the sunshine information that is targeted. Consider the trajectory T = {p 1 , p 2 , p 3 , p 4 } in Fig. 2(a) that is indicated by the black solid arrow. When the sunlight shines from the North, which is indicated by the yellow arrow, the left side of the trajectory is exposed to sunshine, which is represented by the thick yellow solid line. Its sunshine duration is t{p 1 
Suppose that p 2 and p 3 are removed; the simplified trajectory will be T = {p 1 , p 4 }, which is indicated by the dashed line. In this case, the left-side sunshine duration of the trajectory is still t{p 1 
Dropping both p 2 and p 3 from the trajectory T will not change the computed result for the left-side sunshine duration when sunlight shines from the North. This means that points p 2 and p 3 are redundant. However, if the sunshine shines from the East, as shown in Fig. (2b) , the sunshine duration of T is t{p 2 , p 3 }. In contrast, the left-side sunshine duration of T is 0; this means that the sunshine information of {p 2 , p 3 } is lost.
We can now see that the sunshine information at the points in a trajectory is different depending on the sunshine direction. Thus, we need to use a simplified sunshine-based trajectory algorithm to reduce the number of redundant points to improve the system's efficiency.
C. CHALLENGES
There are many challenges associated with the implementation of the system mentioned above. All of these challenges can cause the system to be inefficient.
• The orientation model for calculating the amount of sunshine is complex. On the basis of different backgrounds, we need to analyze the sunlight from different directions. Building a sunshine orientation model for every trajectory is not an easy task. Even though the calculation of sunshine information of every detail of a trajectory will produce an accurate result, there is still a significant computation problem because the direction and velocity of the trajectory are not fixed.
• Every trajectory consists of various points, but some are redundant. In a real geographic information system, the amount of raw data of a trajectory is always large and hence expensive to store, manipulate, and analyze. Moreover, sunlight has different impacts on these points at various time slots during a day because the trajectories have different shapes. Therefore, the analysis of a large number of trajectories containing a large number of points is difficult.
III. MODEL DESIGN
On the basis of the motivation above, we propose STS, an efficient and accurate sunshine-based framework for trajectories. In this section, we will present the details of STS. The STS system consists of four parts. We first choose a 2-D digital orientation model in Section III-A to model the relationship between the sunshine direction and a trajectory. In the next step, we propose a calculation for the sunshine angular gap in Section III-B, a measurement for the sunshine-based directional duration error in Section III-C, and the optimum simplification in Section III-D to simplify the trajectory. The notation used in the design is summarized in Tab. 1. 
Segment Trajectory T :
The road nodes are the intersections of a road, and any trajectory between two adjacent road nodes is defined as a segment trajectory T . It can be represented as a sequence (p 1 , p 2 , . . . , p n ).
For example, in Fig. 3 , T indicated by the black arrow has the position points (p 1 , p 2 , p 3 , p 4 , p 5 , p 6 ). The start point is p 1 , and the end point is p 6 .
The orientation model varies with the demands of different users. To describe our work clearly, we use a dimension-reduced 2-D model to extract the sunshine directional information, as shown in Fig. 4 . In this figure, the blue line represents the line segment e i,j . As indicated by the yellow dashed circle, we assume that the sun moves around e i,j clockwise once a day. We use the yellow arrow to represent the sunshine direction and define θ s as the angle of clockwise rotation from the positive northward axis as the sunshine direction. Similarly, we define the direction of the line segment e i,j as θ i,j , which is the angle of clockwise rotation from the positive North axis of a vector e i,j , which is denoted by a black solid arrow. Both θ i,j and θ s fall in the range [0 • , 360 • ), clockwise from North. We use a black dashed arrow to represent the opposite direction of e i,j and define its angle as θ i,j + 180 • . If j = i + 1, we use e i and θ i for short. The angle is measured as on the compass rose and the definition regarding the run of the sun applies to the northern hemisphere only.
Since sunshine-based trajectory analysis is sensitive to the trajectory's directional information captured by its line segments and durations, we denote the line segments of T by {(e 1 , θ 1 , t 1 ), (e 2 , θ 2 , t 2 ), (e n−1 , θ n−1 , t n−1 )}. Considering our trajectory example, the segment trajectory in Fig. 3 
• , the sunlight is on the righthand side of the line segment. On the other hand, when θ s ∈ θ i,j + 180 • , θ i,j , the sunlight is on the left-hand side of the line segment. As Fig. 4 shows, the shadowed region is considered as the left side of line segment e i,j ; the other side is considered to be the right side of line segment e i,j .
For further simplification, we regard the left and right sides as a pair of counterbalanced digital values, which means that we ignore the light intensity by using a digital sunshine coefficient ξ (θ s , θ i,j ) to describe the sunshine situation on the basis of the angular relation between the direction of e i,j and the sunlight as follows:
The sunshine durations on the left and right sides can counteract each other. For any line segment e i,j with a given θ s , its sunshine duration is calculated by
We classify t s into two categories, t l (T ) and t r (T ), which denote the left-and right-side sunshine durations of T , respectively. t l (T ) = |t s |, where t s ≥ 0, and t r (T ) = |t s |, where t s < 0. For example, when θ s = 60 • , the sunshine duration t s of T in Fig. 3 is (5s, −5s, 5s, 5s, 5s). It follows that t l (T ) = 20s and t r (T ) = 5s.
Our STS framework is sensitive to the direction of the trajectory and the duration for the specific sunshine-related direction rather than the position information; therefore, there is a considerable amount of redundant information in the raw trajectory data for our system. In the following, we first propose an STS algorithm to remove the redundant points in the trajectories.
B. CALCULATION OF THE SUNSHINE ANGULAR GAP
To address redundant points issue, we propose a new direction-based and sunshine-related simplification to reduce the storage and calculation for sunshine-based trajectory analysis. We first assume that the sun moves at a uniform angular velocity. Then, we use γ r ∈ [0, 360 • ) to represent the direction of sunrise and γ s (γ s > γ r ) to represent the direction of sunset. |γ s −γ r | (< 360 • ) represents the angle of clockwise rotation from γ r to γ s .
The angular difference between any two directions θ i and θ j , which fall in [0 • , 360 • ), is denoted by (θ i , θ j ), which is defined by the minimum angle of clockwise rotation from θ i to θ j , which can be calculated by
Given e i,j , as shown in Fig. 5 , its movement direction is θ i,j , which is denoted by the solid arrow, and its opposite direction is θ i,j + 180 • , which is denoted by dashed arrow. When θ i,j or θ i,j + 180 • is in the range [γ r , γ s ), the line divides the angular gap |γ r − γ s | into two parts. We define the gap between θ i,j and γ r or γ s as the sunshine angular gap. We define α l i,j , which is indicated by the red shaded area, as the left sunshine angular gap to represent the sunlight on the left side of e i,j , of which ξ (γ s , θ i,j ) = 1. Accordingly, we define the other side as α r i,j to represent the sunlight on the right side of e i,j , of which ξ (γ s , θ i,j ) = −1. Recall the assumption that the sunlight moves clockwise around the line segment once per day. For any static line segment, the number of times that sunshine is on the left or right side during a day is limited. The sunshine angular gap reflects the duration of sunlight on one side of the line segment during a day. Because α l i,j +α r i,j = |γ s −γ r |, once we determine α l i,j , we can calculate α r i,j by α r i,j = |γ s − γ r | − α l i,j . Moreover, all of the values derived from α l i,j and α r i,j have inversely proportional relationship. In the following, to better present our work, we will focus on the calculation of α l i,j .
When |γ r − γ s | < 180 • , as Fig. 5 shows, θ i,j is between γ r and γ s . ξ (θ s , θ i,j ) will change from 1 to −1 during a day. In this case, α l i,j can be calculated by
There are six cases for which α l i,j can be calculated that are based on the different angular relationships between |γ r − γ s | and e i,j . To present our paper more concisely, these cases are discussed in the Appendix.
The sunshine has a probability of being on the left side of e i,j of α l i,j /|γ s − γ r | and a probability of being on the right side of α r i,j /|γ s − γ r | during a day. Considering the duration t i,j of e i,j , the expected times that sunshine is on the left and right sides per day are
Consider that α l i,j + α r i,j = |γ s − γ r |; thus, r i,j + l i,j = t i,j . In the following, we only analyze the change in the left angular gap with the STS method. In the following, if j = i+1, we use l i and α l i for short.
C. MEASUREMENT OF THE SUNSHINE-BASED DIRECTIONAL DURATION ERROR
To remove redundant information from the sunshine trajectory, we need to distinguish which points are less necessary than others. 
On the basis of Eq. 4, the expected original left sunshine duration in the range from p k+i to p k+i+1 , where 0 ≤ i < q, of T is
The expected original left sunshine duration from p k to p k+q is l k,k+q = i=q−1 i=0 l k+i . As Fig. 6 shows, once we remove the points between p k and p k+q in T , which is represented by solid black arrows, a new track will appear as e s j , which is denoted by dashed black arrows. The duration of e s j will not change, and it can be represented by t s j = i=q−1 i=0 t k+i . However, the left angular gap that ranges from p s j to p s j +1 will change to α ls j . Thus, the expected left sunshine duration of T from p s j to p s j +1 is
Each original line segment that ranges from p k to p k+q in T changes their expected left sunshine duration on the basis of the angular difference with respect to the corresponding segment e s j in T . We define the expected accumulated left sunshine duration error l s j = |l s j − l k,k+q | as the simplification error of segment e s j , and it can be calculated as follows:
We regard l s j as the loss of removing the points between p k and p k+q from T , and it also can be regarded as the cost of only keeping points p s j , p s j+1 in T .
Given θ s , we define s j = |t l (T k,k+q ) − t l (T s j )| as the sunshine duration error of T s j = e s j . The sunshine duration error of T is calculated by T = s j =s n s j =1 s j . The average sunshine duration error during a day is the physical meaning of l s j .
The meaning of l s j is considered to be a change in the expected left sunshine duration of e s j after simplification. We use an example to illustrate the physical interpretation of l s j . Consider the subtrajectory T 1,3 = (p 1 , p 2 , p 3 ) of the trajectory in Fig. 3 as an example; its simplified subtrajectory is T 1 = (p 1 , p 3 ), which is shown in Fig. 7(a) . Assume that
, which is shown in the schematic in Fig. 7(b) as the violet polygon.
In this diagram, the area of a polygon represents the expectation of t l (T 1,3 ) during a day. Considering that the sun sweeps a trajectory from γ r to γ s at a constant speed, the height of the polygon in each direction range 
, which is represented by the total area of the shaded areas in Fig. 7(c) . These shaded areas that can be considered as the variation in expected left sunshine duration after simplification are obtained by the difference in the polygons between Fig. 7(b) and Fig. 7(c) .
The expected maximum accumulated left sunshine duration error of a segment in T is defined as
We use the maximum angle of τ (T ) as a bound for the direction error. This will ensure that every subtrajectory's direction error in T from p s j to p s j +1 will less than τ (T ). Considering our previous trajectory example, assume that T = (p 1 , p 3 , p 6 )γ r = 0 • and γ s = 180 • , as shown in Fig. 8 . Let T be a trajectory, γ r and γ s be the sunshine information, and τ m be the error tolerance. T is said to be a τ msimplification of T if T is a simplification of T and τ (T ) ≤ τ m . The STS problem is formalized as follows.
Lemma 1 (Sunshine-based trajectory simplification): Given a trajectory T , sunshine information γ r and γ s , and a maximum tolerated error τ m , the STS problem is to determine T that is the τ m -simplification of T with the smallest size. 
D. OPTIMAL SIMPLIFICATION
All of the weights of E(p i , p j ) are set to be 1.
Recall our trajectory example T in Fig. 3 . Suppose that τ m = 5/2s. First, we construct the graph G τ m accordingly, as shown in Fig. 9 . In this figure, each position point p 1 , p 2 , . . . , p 6 is considered as a vertex of the graph. In addition, for each pair of (p i , p j ), where i < j, if l i,j ≤ 5/2s, we link p i and p j as an edge E(p i , p j ). For example, E(p 1 , p 4 ) means that the error l 1,4 = 5/2s, which is less than the tolerance error in this example. In other words, the removal of p 2 and p 3 is acceptable in this example.
To find the τ m -simplification of T with the smallest size, we need to find the shortest path from p 1 to p n in G τ m (V , E). The length of the shortest path is defined to be the number of edges involved along the path. We traverse G τ m from V (p 1 ) by using the BFS method until we find V (p n ). The algorithm using BFS for finding the shortest path in G τ m is presented in Algorithm 1.
Given G τ m (V , E) and a nonnegative integer l, L l is said to be a l-length vertex layer that means that any vertex V (p x ) in L l has a shortest path from V (p 0 ) to V (p x ) with a length of l. Considering the example in Fig. 9 , the 0-length L 0 is V (p 1 ), and the 1-length L 1 is {V (p 2 ), V (p 3 ), V (p 4 )}. First, we need to retrieve all of the out-neighbors V (p x ) of the vertices in L l−1 and store them as L l . For the vertices in L l , they may have edges that link each other; we define these combinations as an Fig. 9, {V (p 1 ), V (p 3 ) , V (p 6 )} is the first time we retrieve V (p 6 ). Thus, the shortest path of G τ m is {V (p 1 ) − V (p 3 ) − V (p 6 )}, and T = (p 1 , p 3 , p 6 ).
Algorithm 1 Finding the Shortest Path
return the trajectory T corresponding to the path from V (p 1 ) to V (p n );
IV. MODEL APPLICATION
Because of various demands, we need to filter the sunshine of different directions. For example, if we consider the riding experience of passengers, we should analyze the sunshine from two flanks. If the system needs to predict the sunshine glare for the drivers, we need to analyze the sunlight coming towards the driver. If we need to calculate the solar energy collection, we should consider a model that varies the intensity with the angle of incidence.
In the following, we choose an application called trip sunshine information querying, a simple but close-to-life technique to help passengers obtain a better riding experience.
A. SUNSHINE INFORMATION QUERYING
We first generate STS data on the basis of GTFS data. Once the users need sunshine information related to their trip, we use the STS data, and according to the sunshine information, we predict the sunshine information during the trip through trajectory division and sunshine prediction, which will be introduced later.
We develop an APP to query sunshine information for the passenger who takes a bus. The APP will finally give the sunshine illumination time estimated for the left side of the bus and uses a progress bar to denote the sunshine duration for the entire trip. After receiving the sunshine information from the APP, the passengers could choose their favorite seat to obtain the benefits of sunshine.
B. TRIP COMPUTATION
The simplified trip trajectory T consists of n position points in the form { (p 1 , t p 1 ), (p 1 , t p 2 ) , . . . (p n , t p n )}. We can determine n − 1 line segments and n − 1 line segment durations in the form {(e 1 , θ 1 , t 1 ), (e 2 , θ 2 , t 2 ), . . . (e n−1 , θ n−1 , t n−1 )}. The departure time is t 0 .
As discussed before, we assume that the sun moves around the trajectory at a uniform speed. This will cause a problem where the sunlight constantly changes its direction during the entire trip of T . To solve this problem, we use Algorithm 2 to divide the trajectory into several subtrajectories and then separately calculate each subtrajectory's sunshine information.
We first set a time slot ω to represent the tolerated duration. We denote a subtrajectory by sT j , of which the sum of the durations is s t (j) = t i . We retrieve all t i (1 ≤ i ≤ n − 1) of the line segment according to its sequence in T . We save all (e i , θ i , t i ) in the corresponding sT j (1 ≤ j ≤ n − 1) when s t (j) < ω. Otherwise, j = j + 1 and s t (j) = t i . The process above will be continued until i = n − 1. In each sT j , we assume that the sunshine direction does not change. The sunshine direction is equal to θ s (t j ) at the moment t j = t 0 + k=j k=1 s t (k). Finally, we calculate t s of each line segment as the sunshine information of the trip using the relationship between θ i and the corresponding θ s (t j ), as mentioned in Section III-A.
Algorithm 2 Subtrajectory Calculation

V. EVALUATION
In this section, we first introduce the data source and the preprocessing of the GTFS data. Then, we present an evaluation of the performance of STS from different perspectives. Finally, a case study is presented to demonstrate the validity of STS in real life.
A. DATA SOURCE
The collection of trajectory information at a national scale for predicting the sunshine duration is not an easy task, but GTFS data, which are the most popular data used to describe transit services worldwide, provide a chance to present our idea [15] . More than 380 providers that almost cover all of the major metropolises in the entire United States continuously upload their latest public transit data to the GTFS website, as shown in Fig. 10(a) . Of the 50 largest transit agencies in the United States, 49 have openly shared their GTFS data since 2012. For example, there are 31817504 position points in United States GTFS data collected by us, and each trajectory has 478 points on average. Many applications including Bing Map and Google Maps are using this source to serve people worldwide for trip planning, bike sharing, planning analysis, etc. [16] . The GTFS data contain the spatial and temporal information of bus route shapes and stops; for example, the path-shape data for Minneapolis from the GTFS data are shown in Fig. 10(b) . There are 418990 trajectories with 2581906 turning points in the public transportation system of Minneapolis on a weekday in July 2017. The transit schedule could be regarded as a sequence of low-sampling-rate spatial-temporal data with bus stations as sampling points.
B. PREPROCESSING
We define any two bus stations that are visited by the same bus on any trip as adjacent stations. The path between any two adjacent stations is considered to be a segment trajectory, as described in Section III-A. The raw GTFS data stores information related to the bus transit calendar and route shape separately. To analyze the data, we generate spatial-temporal data by using map matching. We first find every station's nearest segment in the road network based on the GTFS; then, we draw a vertical line toward the segment through the stop, which is shown as the dashed line in the Fig. 11 . We add a virtual point to the position, which is the intersection between the perpendicular and the segment above, which is shown as p 1 and p 5 . These virtual points are regarded as the start and end points of the segment trajectory, respectively.
C. EFFECTIVENESS
In this part, we will show the performance of STS. Further, a case study is presented to show the effectiveness of STS in daily life. 
1) IMPACT OF τ M
In this subsection, we evaluate STS via the segment trajectories from the preprocessed GTFS data of Minneapolis in July 2017. γ s = 301 • , and γ r = 59 • . The number of segment trajectories is 66438, the total number of points is 604586, and the average number of points per trajectory is 8.9.
We first simplify the segment trajectory by using STS. From Fig. 12(a) and (b), we can see that when τ m = 2s, the compression rate is 0.462. This means that STS can reduce the number of points by 53.8%. The number of points decreases as τ m increases. The number of points could theoretically be two times the number of trajectories when τ m = ∞, and the compression rate is 0.22, which means that every trajectory only retains its start and end points. In the following, we choose τ m = 2s as the default parameter of STS. Fig. 12(c) and (d) show heat maps of the point density in Minneapolis at the same scale to show the effectiveness of STS. Fig. 12(c) shows the original heap map, where a darker color indicates a higher point density. Fig. 12(d) is a heat map of points that are simplified using τ m = 2s. By comparison, the color of suburban areas in the heat map in Fig. 12(d) is much lighter than that in the heat map in Fig. 12(c) because the segment trajectories in suburban areas have more redundant points than those downtown. This indicates that our STS can effectively reduce the point density.
We choose 2000 different segment trajectories to verify the sunshine duration error mentioned in Section III-C. We calculate t l (T ) with different values of θ s of 60 • , 120 • , 180 • , 240 • , 300 • and test the loss of the left sunshine duration of STS. We vary τ m from 0s to 9s. In Fig. 13(a) , the theoretical bound of the segment trajectory is calculated by the product of τ m and its corresponding theoretical line segment number obtained from Fig. 12(b) (the reciprocal of the compression  rate) . From the figure, we find that the experimental average sunshine duration error s j is lower than the theoretical bound because the values of l s j for some line segments of T s j are much less than τ m . Fig. 12(b) shows the average sunshine duration error rate versus the duration of the segment trajectory, which is proportional to τ m . Note that when τ m = 2s, the sunshine duration error rate is 0.142. Moreover, the rate of increase in the sunshine duration error rate becomes slower as τ m increases.
In the following, we compare STS with directionpreserving trajectory simplification (DPTS) and positionpreserving trajectory simplification (PPTS) in terms of two measurements-the average sunshine duration error and average position error. The position error is the average perpendicular distance from every point in the original trajectory to its corresponding line segment in the simplified trajectory.
We adopt the Douglas-Peucker algorithm [17] , [18] for PPTS, which is the most popular existing algorithm for PPTS. We use Direction-Preserving Trajectory Simplification [19] , [20] for DPTS. We use the original trajectory that does not use any simplification as the sunshine ground truth.
The sunshine duration error rates of PPTS, DPTS, and STS are shown in Fig. 14 , which is compared to the sunshine ground truth. For a fair comparison, we enforce the same compression rate for the simplified trajectories for all three algorithms. The results are shown in Fig. 14(a) for the position error and Fig. 14(b) for the sunshine duration error. Considering Fig. 14(a) , we observe that although PPTS usually has a smaller position error than those of STS and DPTS, the differences are small. For example, the ratios of position errors of STS to PPTS are from 1.42 to 2.57. From  Fig. 14(b) , the average sunshine direction error of STS is much smaller than those of DPTS and PPTS, and the error of PPTS is much larger than those of DPTS and STS. For example, when τ m = 4s, the ratio of PPTS to STS is 3.03. Moreover, when τ m = 1s, the average sunshine duration errors of both DPTS and PPTS are greater than 5.7s, which is the sunshine duration error of STS when τ m = 5s, implying that both PPTS and DPTS could hardly preserve the sunshine information of the trajectory. This is understandable because both of them do not consider the relationship between the trajectory and the sunshine information. In conclusion, STS preserves the sunshine information by its nature and also the sunshine information that PPTS and DPTS do not consider.
2) TRIP SUNSHINE INFORMATION QUERYING
On the basis of the evaluation above, we have studied the performance of STS for a single segment trajectory. In the following, we compare STS, PPTS, and DPTS with continuous segment trajectories for a real-life application, trip sunshine information querying. To verify the performance of STS, we select 2000 trajectories from the virtual transit information for Minneapolis.
The main idea is as follows. We assume that a passenger queries the sunshine information for a long trip. In this part, we vary the number of stops from 1 to 17. We vary the departure time t 0 as 8:00, 10:00, 12:00, 14:00, 16:00. The average duration of each trip is 17.3 min. In the following, we choose τ m = 2s and ω = 15min to be the default parameters of STS. We also enforce a similar size for the simplified trajectories of the three algorithms. We use the trip's sunshine information of the original trajectory data with ω = 0min as the sunshine ground truth. The results for the average sunshine duration error are shown in Fig. 15(a) , and its error rate is shown in Fig. 15(b) . From these figures, the average sunshine duration error becomes larger when the number of stops increases. Moreover, STS has a lower sunshine duration error than those of DPTS and PPTS. When the number of stops becomes larger, the sunshine duration error rate remains quite stable.
The evaluation above only considers the left sunshine duration of the trip. In the following, we compare the left-and right-side sunshine durations of the trip. For any trip, we compare t l (T ) and t r (T ) on the basis of trip sunshine information querying. On the basis of this comparison, a passenger could decide to take one seat on either side of the bus to enjoy the benefits of sunshine or shade. In the following, we assume that the passenger prefers the sunny side of the bus and will not leave their seat until the end of the trip. We define the accuracy rate of whether the passenger could correctly obtain the benefits of sunshine by using our simplified data as the sunshine accuracy to evaluate the influence of STS on the real-life application performance. Again, we vary the number of stops from 1 to 17 to compare STS with PPTS, and DPTS, and NOTS. NOTS means the calculation of the sunshine information by using the original trajectory data. As Fig. 16 shows, NOTS has the highest accuracy because it carries all of the details of the trajectory. Understandably, STS has a higher accuracy rate than PPTS and DPTS because its preserves more sunshine information. For example, passengers who use STS have an accuracy rate over 90% for obtaining their sunshine benefits when they ride 13 stops. However, when the passengers use PPTS, the accuracy is reduced to 77.8%. Moreover, the accuracy rates of all algorithms decreases as the number of stops increases. When the passengers pass more than 15 stations, the accuracy rates of all algorithms is less than 90% because the error of simplification will accumulate as the number of stops increases.
We also evaluate the influences of τ m and ω on the sunshine accuracy. First, we vary τ m to test the accuracy rate by using the trajectory data that passes through 14 stops with ω = 15min. From Fig. 16 , as τ m deceases from 1s to 9s, the accuracy decreases from 94.9% to 80.9%. Second, we vary ω from 0min to 60min to show the influence on the sunshine accuracy, as shown in Fig. 18 . We assume that the sunlight revolves around the trajectory 0.25 • /min. Because ω is more likely to affect a long-term trajectory, we select 274 bus routes that are longer than 60min with τ m = 1. From the figure, the accuracy decreases from 93.7% to 87.8% as ω deceases.
In addition to Minneapolis, we choose four other citiesHouston, Washington, DC, Chicago, and San Franciscoacross the United States to show that STS can be widely used for different cities. For each city, we randomly generate 2000 transit data trajectories, of which the number of stops is 9. ω = 15min, and τ m = 2s. Tab. 2 summarizes the evaluation of the five cities using STS. In this table, the average reduction in the number of points when using STS, the average sunshine duration error rate, and the sunshine accuracy are 53.7%, 12.6%, and 92.8%, respectively. We conclude that, compared to the ground truth, STS sacrifices 12.6% sunshine duration error rate and 7.2% sunshine accuracy to reduce the number of turning points by 53.7% on average. Fig. 19 shows the results of a scalability test with STS. The experiments are operated on a desktop with an Inteli7-6700 CPU @ 3.40GHz and 16GB memory. 'Original' means the GTFS data after preprocessing. According to the results, STS is scalable to large-trajectory datasets with millions of turning points by occupying less memory than the original datasets.
3) SCALABILITY TEST
D. CASE STUDY
We carried out real-road experiments in September and October 2017 at a different times of the day: in the morning at 7:00-8:00, at noon at 12:00-13:00, and in the afternoon at 16:00-17:00 to show that STS can be used in real-life settings. We selected 20 different urban transit routes in Minneapolis and carried out validation experiments on a sunny day for three consecutive weeks to collect 120 trajectories where the average travel time for each trace is 12.4 min and the average number of stops is 11. We designed an application using the light sensor on an LG Nexus 5 smartphone to detect the sunshine environment, as shown in Fig. 20(a) . The application can determine whether the smartphone is exposed to sunshine by checking the light sensor and recording the GPS data. During the experiment, we dispatched two volunteers who are wired with an armband to attach the phone to their arm as a group on each bus. Further, the volunteers in a group have to sit on different sides of the bus and ensure that the phone continuously faces the window. Finally, a mobile application demonstration that combines STS and the Google Maps API was developed to provide the passenger with trip sunshine information. As shown in Fig. 20(b) , we use the blue-colored bar to denote sunshine on the left side of the trip, of which the length is represented as the duration. Similarly, the left part of the bar denotes the right-side sunshine information on the trip. Fig. 21 shows an example of the sunshine ground truth we collected on October 7th, 2017 at 12:30. These data were collected by a volunteer hat sat on the left side of a bus moving from A to D. In the figure, the blue point indicates that the user is exposed to sunshine, and the red point indicates the user is in the shade. θ s = 189 • , which means that the sunlight originates from the southwest. The volunteer was exposed to the sun during segments A-B and C-D during the trip. However from Fig. 21 , owing to the shadows cast by buildings and trees, there were some red points in these segments. Moreover, the sampling points are not uniformly distributed on the map, which means that the bus does not move at a constant velocity, as assumed in the simulation above. In addition, the GTFS data that we used are cleared by the provider, unlike real road data, which are raw and have many more redundant and error points.
Tab. 3 summarizes a comparison between the GTFS simulation and the real-road data using STS. The total time is the sum of the travel times of the 120 trajectories, of which the sunshine time is the sunshine duration on the left side of the bus. τ m = 2s, and ω = 15min. Compared to the simulation, the real road environment has a higher travel time but lower sunshine time due to the shadows from roadside buildings or trees. STS could provide a greater reduction in the number of points in the real-road environment because its raw trip data have more redundant points. Understandably, there is a lower accuracy for the real road than the simulation environment due to the shadow in real life. The simulated data can be considered as a lower bound for the reduction rate to be expected with real data.
VI. RELATED WORK
There has been active research work on intelligent transportation systems using mobile objects, mainly focused on route planning [21] , desirable pathfinding [22] , and human mobility modeling [23] . Recently, trajectory simplification and compression based on spatial-temporal data have emerged as mechanisms for explicit line simplification or map-matched trajectory compression [24] - [35] . The Douglas-Peucker algorithm [17] , [18] approximates a trajectory by selecting a point contributing to the largest error as a split point. Long et al. [19] , [20] established a directionbased trajectory simplification method by preserving as much directional information as possible. In comparison with these trajectory simplification methods [17] - [20] , STS is the first to implement the extraction of trajectory information based on a sunshine variation model, which could be widely used in different scenarios.
Uniquely, STS has the capability to simplify a trajectory on the basis of sunshine information. Its 2-D orientation model enables many interesting designs such as comfort control for passengers (i.e., sunshine from the left/right), the estimated driving risk for drivers (i.e., sunshine from the front/behind), solar energy forecasting/planning for administrators (sunshine from a particular direction), and advertising analysis for pedestrians. These features will be supported in future work.
VII. CONCLUSION
This paper introduces an STS algorithm that can be widely used for different demands. STS is highly robust and accurate because it does not sacrifice sensitive sunshine-related directional information of a trajectory. We conducted experiments to show the efficiency and scalability of our proposed methods. Our experiments also used trip sunshine information querying that is designed so that users can obtain the benefits of sunshine and demonstrate that STS could work well in the traffic and geographic situations of various cities. We also experimentally demonstrate that STS is valid under various environmental effects in both simulation and realroad experimental scenarios, indicating the potential that STS can offer. STS provide a new technique for simplifying a trajectory through sunshine information. We envision that the prediction granularity will be improved and the application area will be further extended. 
APPENDIX
There are six cases to calculate α l i,j based on different angular relationship between |γ r − γ s | and e i as follows. When |γ r − γ s | < 180 • , we have (a) θ i,j ∈ [γ r , γ s ) and θ i,j + 180 • / ∈ [γ r , γ s ). As Fig. 22(a) shows, θ i,j is between γ r and γ s . ξ (θ s , θ i,j ) changes from 1 to −1 during a day. α l i,j can be calculated by In Fig. 22(d) , the θ i,j is between γ r − 180 • and γ r , the ξ (θ s , θ i,j ) = 1 during a day. α l i,j = 0 • .
When |γ r − γ s | ≥ 180 • , we have (e) θ i,j ∈ [γ r , γ s ) and θ i,j + 180 • ∈ [γ r , γ s ) and (θ i,j , γ s ) < (θ i,j , γ r ). In Fig. 22(e) , when both θ i,j and θ i,j + 180 • are in the range of [γ r , γ s ) and θ i,j is closer to γ s than γ r , ξ (θ s , θ i,j ) changes from −1 to 1 to −1 during a day. α l i,j = 180 • .
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